Abstract Agricultural land use practices were found to have a great impact on river water quality. Highly variable boundary conditions such as seasonal weather influence or market impacts lead to dynamic changes in the use of agricultural crops. In rural areas with a huge share of agricultural land use, these dynamics are accompanied with changes of river water quality. To quantify these impacts for the future, it is common practice to apply scenario simulations with eco-hydrological catchment models. For this, it is essential to represent spatially and temporal variations in agricultural crops. In this study, we present a dynamic modelling approach of spatial agricultural crops distribution and its impacts on nitrate loads in rivers at the catchment scale. Area proportions of crops are reproduced in a data-based approach according to the current land use situation in the catchment. Using this spatial crop distribution, the eco-hydrological model SWAT is calibrated for discharge and nitrate time series. Within scenario simulations, the spatial crop distribution is updated dynamically for each year, while non-agricultural land use areas remain constant. The dynamic approach is compared with a static land use scenario, in which the land use information is changed only once immediately at the beginning of the scenario period. Good model results were realised for discharge and nitrate loads in the calibration and validation period. The evaluation of the land use change scenarios for the period from 2021 to 2030 revealed changes in nitrate loads. The analysis of the dynamic land use update illustrates an increase in the changes between the scenarios within the modelling period. Consequently, the presented approach allows the quantification of nutrient dynamics that are related to dynamic changes of land use during the simulation period. We conclude that this study shows how the dynamic modelling leads to a more realistic temporal development of land use change and its impacts on nitrate.
Introduction
Agriculture land use as a major driver of environmental changes in rural areas is subject of dynamic land use changes (e.g., Chiang et al. 2010) . These areas are highly influenced by different land use drivers such as increasing demand for food or bioenergy crops or the achievement of good ecological conditions (e.g., Veldkamp and Lambin 2001; Fohrer et al. 2002; Verburg et al. 2010; Lautenbach et al. 2013) . These drivers of land use change affect amongst others water and nutrient cycles. Nutrient pollution from agricultural areas impacts aquatic environment and river water quality (e.g., Behrendt et al. 1999; Arheimer and Liden 2000; Rekolainen et al. 2003; Guse et al. 2007 Guse et al. , 2015 . To assess these impacts of land use change on water balance and water quality, land use scenarios are assessed with the help of eco-hydrological models (e.g., Hesse et al. 2008; Huang et al. 2009; Laurent and Ruelland 2011; Panagopoulos et al. 2011) .
Land use change assessment can be further subdivided into a spatial distribution of crops as shares of arable areas and a temporal component as emphasised by Kloecking et al. (2003) and Lautenbach et al. (2013) . For reliable future predictions, the spatial distribution of land use change has to be taken into account which results in typical land use patterns (e.g., Veldkamp and Lambin 2001; Fohrer et al. 2002; Niehoff et al. 2002; Kloecking and Haberlandt 2002; Verburg et al. 2010) . Temporally, arable areas are highly dynamic, since farmers are able to change crop cultivations from year to year. Changes in the political-economic conditions result in a high potential of rapid changes leading to a dynamic process of shifts in the spatial crop distribution (Verburg and Veldkamp 2001; Niehoff et al. 2002; Kloecking et al. 2003; Audsley et al. 2006; Ronfort et al. 2011 ). This result in high changes in the nutrient pollution at the annual scale. The magnitude of the impact of these spatio-temporal modifications in agricultural crops on nutrient pollution depends among others on differences between the crops and their seasonal management such as fertilizer and tillage timing as well as soil coverage.
Dynamic spatially distributed models can be used to analyse location and timing of a longterm land use change in the future (Lambin et al. 2000) . To capture these changes in land use drivers and the possibility of rapid changes in crop cultivations, a dynamic model approach is required, which includes changes in agricultural areas within the scenario period. Dynamic modelling is adapted to provide realistic estimates by considering variations in the land use conditions (Chiang et al. 2010; Pai and Saraswat 2011) .
For scenario simulations of the future impact of land use change on water quality, the recent conditions of water balance and water quality need to be reproduced with an eco-hydrological model (e.g., Huang et al. 2009; Bieger et al. 2015) such as the SWAT model (Arnold et al. 1998 ). The SWAT model includes a detailed land management tool to carry out a spatially distributed analysis of land use change. While the SWAT model was already used for several land use change assessments (e.g., Fohrer et al. 2001 Fohrer et al. , 2005 Ullrich and Volk 2009; Ghaffari et al. 2010; Strauch et al. 2013; Batelis and Nalbantis 2014; Bieger et al. 2015; Salmoral et al. 2015) , only a very limited number of applications was focused on dynamic modelling of land use change (Chiang et al. 2010; Pai and Saraswat 2011) . The advantage of dynamic land use modifications to represent a realistic development within the modelling period was already emphasised by Pai and Saraswat (2011) for classical land use conversion in SWAT model applications. However, a dynamic modelling of changes within agricultural areas was up to now not in the focus of land use scenario simulations.
This study investigates the dynamic change of the spatial distribution of agricultural crops in a modelling study. Measured discharge and nitrate loads for the recent conditions are reproduced with the SWAT model for the Treene catchment in Northern Germany. A static and a dynamic scenario approach are compared. In the static approach, the land use information immediately changed at the beginning of the simulation period. In contrast, in the dynamic approach, the land use information is updated in each year and reaches the final land use situation in the last year of the modelling period. The impact of dynamic changes of agricultural crops within the land use scenario on modelled discharge and nitrate loads are compared for the static and dynamic land use scenarios.
Study Area and Data

Treene Catchment
The Treene catchment belongs to the Northern German lowlands and has a catchment size of 481 km 2 (hydrological station Treia) (Fig. 1 ). Groundwater flow is the dominant hydrological process in the northern German lowlands with low hydraulic gradients (Kiesel et al. 2010) . Due to that, about one third of the agriculture areas are drained (Fohrer et al. 2007) . Agriculture is the dominant land use in the Treene catchment. While grassland increases from east to west, arable land has the highest percentage in the eastern parts. The area contributions of forest and urban areas are small in the Treene catchment (Fig. 1) . The Treene catchment can be sub-divided into three landscape types. The Eastern Hillands have slight slopes and more fertile soils, allowing a cultivation of high value crops, which are typical for the Northeast (Marquardt 2008). The flatter Geest landscape in the Southwest are characterised by poorer sandy soils and low fertility and can be divided into the higher and lower Geest (LANU S-H 2006) . The area contributions of agricultural, forest and urban areas were stable during the last decade, while a high dynamic in the crop cultivation was observed (Marquardt 2008).
Data
Three input maps were implemented in the SWAT model setup: A digital elevation model (25 m resolution, (LVERMA S-H 1995) ), a land use map (LVERMA S-H 2004) and a soil map (BGR 1999) . The digitalized property map (Automatisierte Liegendschaftskarte, ALK) from 2004 was used in this study providing an accurate representation of the absolute percentages and spatial distribution of all land use types within the Treene catchment.
Daily discharge time series from six hydrological stations were used which capture the three landscapes within the catchment (Fig. 1) (Fig. 1) were provided by the German Weather Service . Precipitation data were corrected with a monthly factor derived by Richter (1995) for Germany.
Climate data from the STAtistical Regional model (STAR) (Orlowsky et al. 2008 ) were used as input for the SWAT model to carry out land use scenarios for the future period (2013) (2014) (2015) (2016) (2017) (2018) (2019) (2020) (2021) (2022) (2023) (2024) (2025) (2026) (2027) (2028) (2029) (2030) . The STAR data were provided from the Potsdam Institute for Climate Impact Research (PIK) as described in Oesterle (2001) and Conradt et al. (2012) . Constant climate conditions were assumed by using a future climate data set with no increase in temperature and an average mean precipitation according to Hesse et al. (2008) .
Crop data from community level were used comparable to studies with the SWAT model from Liersch (2005) and Lautenbach et al. (2013) . The federal administration for statistics of Hamburg and Schleswig-Holstein (Statistik Nord) provides detailed information of agriculture crop shares at the community level was available for the years 2003, 2007 and 2010 (agrarian structure statistics) .
Recent land use changes were observed in the study catchment. Figure 2 shows the spatial distribution of agricultural crops in the Treene catchment for the years 2003 and 2010. Typical spatial patterns of agricultural crops are related to the main landscape units (Geertz 2012) . The Eastern Hillands are characterised by high shares of high value crops such as wheat, barley or rape. In contrast, the Geest landscapes in the western parts are dominated by corn fields. Recent developments in the crop cultivations can be detected by comparing both maps. They illustrate the high extent of changes in the crop cultivations within seven years. The most relevant change is related to the corn share. The percentage of corn areas is significantly higher in 2010 (Fig. 2b ) in comparison to 2003 (Fig. 2a) in all landscapes types due to the rising 
Models and Methods
Soil and Water Assessment Tool (SWAT)
To reproduce the hydrological conditions in the Treene catchment, the Soil and Water Assessment Tool (SWAT) (Arnold et al. 1998; Arnold and Fohrer 2005 ) was used to calculate water balance and nutrient processes. The eco-hydrological SWAT model is semi-distributed with subbasins as the finest spatially located unit. Hydrological response units (HRUs) are lumped within the subbasins with different combinations of land use, soil and slope class. The water balance equation is resolved at the land phase for each subbasin including different processes ranging from precipitation (rain or snow), evapotranspiration to runoff (surface, subsurface and groundwater flow) and soil water storage. In the water phases, all subbasins are connected and routed along the river network. The SWAT model provides several outputs for each subbasin.
In the land management tool of the SWAT model, different crop rotations are implemented at HRU level. For each crop rotation, information about specific crops, harvest time, fertilizer and tillage operations are required. Crop types can be changed in every year of a crop rotation. Fertilizers and manures are the most important nutrient input within agricultural areas. The nitrogen cycle is modelled in soil and groundwater. Nitrate removal from the soil is modelled by plant uptake, leaching, transformations and soil erosion. Nitrate is transported via surface runoff, tile flow, lateral flow and groundwater flow (Neitsch et al. 2011; Haas et al. 2015) .
SWAT 2009 with revision number 488 was used in this study. Additional information of the SWAT model are available in the theoretical documentation (Neitsch et al. 2011) .
SWAT Model Set-Up
The SWAT model was set up for the Treene catchment as described in Guse et al. (2014) . In each subbasin, three slope classes were separated (<1.25, 1.25-3, >3 %). Land use and soil types which contribute less than 5 or 10 %, respectively, to a subbasin area were reclassified. Soil and crop databases were used from a former SWAT study (Fohrer et al. 2013) . Tile flow was implemented using intially the parameter values from Kiesel et al. (2010) for HRUs with agriculture, pasture or rangeland as land use, a soil type with a high water table which belong to the lowest slope class (<1.25).
Agriculture areas were subdivided into five sub-areas representing five crop rotations (see Table 1 ). These crop rotations include the major crops in the Treene catchment and were used in Guse et al. (2015) .
To split the agricultural areas, the land use splitting tool was used within the SWAT preprocessing. Owing to this subdivision, the number of HRUs with agricultural land use increased from 570 to 2850. Subsequently, the preprocessing resulted in 108 subbasins ( Fig. 1) and 4524 HRUs.
This splitting of the agricultural areas allows for a detailed consideration of the spatial distribution of the crops in each subbasin. Contributions of the five crop rotations to the agriculture areas were adjusted for each subbasin according to the real spatial distribution of the crops.
The information of agriculture crops is available at community level, while the subbasin level is used in SWAT. Thus, the information from the community level was transformed to the subbasin level under consideration of an accurate spatial distribution of crops. The methodical approach for the spatial distribution of crops in the subbasins is described as follows:
The statistical agrarian information provided the percentage of crops in each community (crop quota). The total area which is covered by a certain crop was detected by overlaying the community map with the agricultural areas provided from the land use map. In a next step, the subbasins were combined with the community map to estimate the contribution of the communities to the different subbasins. This analysis provided the percentages to which a community belonged to a subbasin. By combining this community share of a subbasin with the crop quota, the percentage of each crop to a subbasin was determined.
The crop shares were used as input for the SWAT model. Since the SWAT model required crop rotations, the crop shares were converted into shares of the five crop rotations. This conversion from crops to crop rotations was carried out for the years 2003, 2007 and 2010. Then, the shares of the five crop rotations were estimated for each subbasin and implemented into the SWAT model.
Dynamic Land Use Modelling
The dynamic change of the land use areas within the modelling period was realised by using the land use update tool in SWAT Pai and Saraswat 2011) . The area of HRUs as the finest spatial unit is modified each time when new land use information is provided. This means that the fractions of the HRUs with agricultural land use within the subbasin are changed, while maintaining the total area of the subbasin constant. Changes were thus only implemented between the agricultural HRUs, i.e., the five crop rotations. The model simulation was started with the land use situation in 2003. Then, the crop shares within the subbasins were updated in 2007 and 2010 dynamically so that the observed crop distribution in these years was considered.
Model Calibration and Evaluation
An adequate modelling of water balance and water quality for present conditions is a prerequisite for future simulations of land use change. To achieve reliable simulation results, hydrological models have to be adapted to the conditions of the study catchment by setting the model parameters to realistic values. There is a trade-off in the selection of a common parameter set between these different processes in this multi-variable calibration of discharge and nitrate (Van Griensven et al. 2006; Ahmadi et al. 2014) . The model performance of both discharge and nitrate needs to be analysed to achieve a realistic estimation of the water and nitrate cycle. The model period includes the recent period from 1997 to 2012 with a warm-up period of four years for calibration (2001) (2002) (2003) (2004) (2005) and validation period (2006) (2007) (2008) (2009) (2010) (2011) (2012) . Discharge time series from six hydrological stations were available (see Fig. 1 ). These hydrological stations were spatially distributed in the landscape and represent different sub-catchment sizes. The discharge was calibrated in a multi-site model evaluation procedure (e.g., Cao et al. 2006; Ahmadi et al. 2014) . The most relevant parameters were varied between the six hydrological stations to capture the variations between the main landscapes (Eastern Hilland and Geest) of the study catchment.
The two years of water quality measurements were subdivided into one year for the calibration (10/2010-09/2011) and one year for the validation (10/2011-09/2012). Nitrate loads were calibrated for the catchment outlet Treia in two steps. At first, the relevant model parameters were determined manually. In this way, all model parameters were set to reasonable values leading to an acceptable model performance. As a second step, an automatic calibration with the most relevant parameters was carried out in the R environment (R Core Team 2013) to refine the parameter values. For this, the latin hypercube method implemented in the R package FME (Soetaert and Petzoldt 2010) was selected as described in Pfannerstill et al. (2014b) and Pfannerstill et al. (2014a) .
The comparison of the modelled with the measured discharge was realised visually and by calculating three performance measures for the continuous discharge and nitrate time series of the calibration period. Nash-Sutcliffe coefficient of efficiency (CE) (Nash and Sutcliffe 1970) , the percentual bias (PBIAS) and the RMSE standard deviation error (RSR) were selected as performance measures. These three performance measures are focused on different aspects of the discharge time series. PBIAS and RSR were calculated so that an overestimation of the measured discharge series is denoted by a positive value. They were described more in detail in Legates and McCabe Jr. (1999) , Dawson et al. (2007) and Jachner et al. (2007) . Moriasi et al. (2007) suggested a threshold of NSE>0.65, PBIAS<15 % and RSR<0.6 for monthly model evaluations. These suggested thresholds were interpreted to be applicable to daily model evaluations studies as exemplarily shown by Pfannerstill et al. (2014a) .
Land Use Scenario Simulations
A land use scenario developed by Geertz (2012) was used in a static and a dynamic approach. In this land use scenario, only the shares of agricultural crops were changed, while maintaining all other areas constant. The corn share was lower in 2030 compared to 2010 while the shares of pastures were highly increasing until 2030, especially in the Geest landscapes. Also the rape share was increasing at the expense of wheat mainly in the Eastern Hillands with more fertile soils.
The crop shares of the baseline and the future land use scenario were then converted into the five crop rotations (Table 1 ). Figure 3 shows the spatial distribution of the five crop rotations within the future land use scenario compared to the baseline scenario. The shares of crop rotations Corn-Pasture-Pasture and Rape-Wheat-Barley increased while the corn and wheat monocultures were reduced. 
Static Approach
In the static land use scenario, the shares of the crop rotations as estimated for 2030 were directly implemented from 2013. Thus, the shares of the crop rotations were constant during the whole future simulation period from 2013 to 2030 (Fig. 4) . Thus, it was assumed that the final land use situation as predicted in the land use scenario already occurred in 2013.
Dynamic Approach
In the dynamic land use scenario, the shares of the crop rotations were updated continuously in each year from 2013 to 2030 by using the land use update tool of the SWAT model. Thus, the model results showed dynamically the effect of the modifications in the shares of the crop rotations within the period from 2013 to 2030.
The dynamic update of the crop rotations was shown in Table 2 Table 2 . Figure 4 showed the dynamic update from 2013 to 2030 as average shares for crop rotation for the whole study catchment in the dynamic land use scenario. The crop shares were changed in each year. A continuous increase of the shares of rape and pasture at the expense of wheat and corn silage was modelled from 2015 to 2020 and from 2020 to 2030.
Scenario Evaluation
In addition to the static and dynamic land use change scenarios, a baseline scenario with the spatial distributed crop shares of 2010 was simulated with no changes until 2030. The simulations of all scenarios were analysed for an evaluation period from 2021 to 2030. Modelled discharge and nitrate load time series of the static and dynamic land use change 
Results
Water Balance and Water Quality Modelling
The SWAT parameter values of model calibration are shown in Table 3 . The initial parameter values for curve number CN2 and maximum canopy storage (CANMX) were adapted to the different land use types. Whereas the majority of the parameters were constant in the catchment, the most influential groundwater parameters GW_DELAY, ALPHA_BF, RCHRG_DP and an evaporation parameter ESCO (Guse et al. 2014 ) spatially varied within the catchment.
Measured and modelled discharge time series were compared for the catchment outlet Treia in Fig. 5 for the whole modelling period from 2000 to 2012. This figure illustrates a satisfying fit of the modelled and measured discharge time series. The discharge dynamic was generally well reproduced by the SWAT model. The three performance measures illustrate the good performance of SWAT for discharge for the six hydrological stations (Table 4) both for calibration and validation period. The PBIAS is between −8 and +25 % for calibration and between −3 and +20 % for validation showing a good performance for five stations in the calibration and four in the validation. The CE ranges between 0.65 and 0.82 for calibration and between 0.58 and 0.80 for validation. For both CE and RSR, the performance is good or very good for all stations except of the validation for station Sollerupmuehle. Figure 6 shows the comparison of measured and modelled time series for nitrate loads at the gauging station Treia. Both measured and modelled time series show the typical seasonal patterns of high values in winter and lower values in summer. The peaks of nitrate were well reproduced leading to a high CE, which was even higher in the validation period. Shortcomings for nitrate were an overestimation in the recession phase and an underestimation in phases of low nitrate loads. The calibrated values of SWAT model parameters for nitrate are illustrated in Table 3 . As shown in the low values of the PBIAS, the magnitude of nitrate loads was satisfyingly reproduced which is illustrated in almost no bias in the calibration and only a slight underestimation in the validation period. The model performance for nitrate is good for all three performance measures both in calibration and validation. 
Land Use Scenario Simulations
The results of the land use scenario simulations for discharge and nitrate in the baseline and the future land use scenarios are shown in Fig. 7 by comparing the static and dynamic modelling approach. Discharge has the highest values in winter and the lowest in summer and autumn. This seasonal pattern coincides with the recent period (see Fig. 5 ). It can also be observed that years with relatively high discharge values as well as with lower values are included in the ten years of land use scenario simulations. There are almost no changes in discharge between the scenarios. The column 'Type' indicates whether the range is an absolute range or an additive or multiplicative factor
The typical seasonal nitrate dynamic with low nitrate loads in summer is also observed in the land use scenarios. In contrast to discharge, Fig. 7 shows that the nitrate loads vary among the future and the baseline scenario. Differences in nitrate loads between the scenarios are related to all magnitudes. Since the differences in discharge are low between the scenarios, a comparison of the scenarios for nitrate concentrations would lead to similar patterns.
To analyse the differences between the static and dynamic land use scenarios, differences in the annual average nitrate loads compared to the baseline scenario were calculated (Fig. 8) . In both land use scenarios, nitrate loads were reduced compared to the baseline scenario. The static land use scenario was characterised by a strong reduction at the beginning and the end of the simulation period, while the impacts were lower in middle phase. In the dynamic approach, the differences generally increased within the model evaluation period. The differences increased from 2021 to 2023, following by five years with relatively low differences. Finally, the highest differences in nitrate loads occurred in the last two years (2029) (2030) .
The modelling of nitrate loads was not only affected by changes in the crop shares but also by variations in climatic and hydrologic situation within the evaluation period. Intermediate years within lower differences occurred in dry years with low discharges in the middle of the scenario period (see Fig. 7) .
When comparing the static and the dynamic land use scenario, it becomes apparent that the differences between them were decreasing towards the end of the simulation period. In this study, dynamic changes of agricultural crop rotations and their spatial distribution were analysed and their effect on the modelled nitrate load was assessed. Dynamic and static land use scenarios were compared with a baseline scenario. As follows, the potential of dynamic change modelling and the effects of land use change on the modelled discharge and nitrate were discussed. As a prerequisite for the land use simulations, an eco-hydrological model was calibrated in a multi-site and multi-objective approach. The evaluation of three performance metrics for discharge and nitrate leads to a balanced result that fulfils the performance criteria both for discharge and nitrate.
Within the land use simulations, the percentages of crop shares changed gradually from year to year in the dynamic land use scenario as shown in Fig. 4 . Compared to this approach, The differences among the crop shares between the static and dynamic scenario were very large in 2013 and identical in 2030. While the static approach assumes that the crop shares changed immediately from 2012 to 2013, the dynamic update of the crop shares in the dynamic approach did not only show the final conditions at the end of simulation period, but also intermediate steps based on a gradual increase in the change of agricultural crops. In this way, the temporal development until the end of the period was considered. Thus, dynamic changes in crop shares led to a more precise representation of crop shares and their effects on nitrate loads.
The decrease in the differences between the static and dynamic scenarios for the crop shares resulted also in same situation for the modelled nitrate loads. In the static approach, the changes in nitrate loads were overestimated compared to the dynamic approach.
The temporal development in nitrate loads was affected by crop distributions as well as by the interannual variations in the climate conditions. While the crop distribution influenced the differences between the static and dynamic land use scenario, the hydroclimatic situation affected in particular variations between the future and the baseline scenario.
The dynamic approach provides realistic future developments for all years and not only for the end of the scenario period. As also stated by Pai and Saraswat (2011) , the temporal component of land use change is better assessed in the dynamic approach. Thus, nitrate loads are assumed to be more realistically estimated.
As in all scenario runs, the simulation results have to be interpreted based on the assumptions which were included in the scenario storyline (Verburg et al. 2006 ). This study was focused on the comparison of static and dynamic land use scenarios to demonstrate the differences between both scenario methods. We are aware that a scenario focusing on other drivers of land use change would lead to a different response.
The continuous slight change in nitrate loads in the dynamic and one rapid change in the static scenarios were detected as a characteristic of these two approaches. In its quality, this statement can be generalised and will only vary in absolute values and in the direction of changes between different scenarios.
In terms of agricultural related scenarios, economic decisions of the farmers and landowners are the main driver for land-use change. However, political guidelines may influence these decisions by modifying the requirements for farmers to receive subsidies (Audsley et al. 2006; Ronfort et al. 2011 ). According to these rapid changing boundary conditions, the contribution of certain crops to the agricultural area may change dynamically (Verburg and Veldkamp 2001) . Different land use change drivers may lead to different effects on water quality .
In the context of land use management, the dynamic approach could also be helpful to assess the achievements of the Water Framework Directive, since land use change could affect in addition to water quality also aquatic biota (Sundermann et al. 2013; Kail et al. 2015; Guse et al. 2015) . In the case of estimating impacts of land use change on the aquatic biota, the dynamic update approach leads to a more realistic simulation for the whole modeling period. The dynamic approach shows not only the final conditions at the end of simulation period, but also intermediate steps based on the gradual increase in the change of agricultural crops. Thus, the resulting impact on hydrologic and aquatic variables can be assessed continuously.
In this study, the impact of land use change on discharge and nitrate load was analysed. The core focus was a dynamic update of spatially distributed crop shares in comparison to the classical static approach. For these land use scenarios, the spatial patterns of agricultural crops were satisfyingly reproduced by using data of crop shares at the community level and were implemented spatially distributed into the SWAT model. The SWAT model reproduces satisfyingly measured discharge and nitrate time series for recent conditions.
The main outcomes are:
1. The comparison of the future land use scenarios simulations with the baseline conditions results in small changes in discharge. In contrast, changes in the crop shares within the agricultural areas lead to changes in nitrate loads in a relevant extent. 2. The differences between the land use change and the baseline scenario are increasing in the dynamic approach due to the successively increasing differences in the crop shares. In contrast, the differences are constant in the static approach due to the immediate change of the crop shares. Within the scenario period, the differences between the static and dynamic scenario decreases.
These model results show that a dynamic land use change approach is able to reproduce the temporal development of changes in land use and their impacts on the catchment conditions. Thus, the dynamic approach provides more realistic future nitrate load estimations due to the continuous modifications of the crop shares.
